Light detection and ranging (LiDAR) is one of the popular technologies to acquire critical information for building information modelling. To allow an automatic acquirement of building information, the first and most important step of LiDAR technology is to accurately determine the important gesture information that micro electromechanical (MEMS) based inertial measurement unit (IMU) sensors can provide from the moving robot. However, during the practical building mapping, serious errors may happen due to the inappropriate installation of a MEMS-IMU. Through this study, we analyzed the different systematic errors, such as biases, scale errors, and axial installation deviation, that happened during the building mapping, based on a robot equipped with MEMS-IMU. Based on this, an error calibration model was developed. The problems of the deviation between the calibrated and horizontal planes were solved by a new sampling method. For this method, the calibrated plane was rotated twice; the gravity acceleration of the six sides of the MEMS-IMU was also calibrated by the practical values, and the whole calibration process was completed after solving developed model based on the least-squares method. Finally, the building mapping was then calibrated based on the error calibration model, and also the Gmapping algorithm. It was indicated from the experiments that the proposed model is useful for the error calibration, which can increase the prediction accuracy of yaw by 1-2 • based on MEMS-IMU; the mapping results are more accurate when compared to the previous methods. The research outcomes can provide a practical basis for the construction of the building information modelling model.
Introduction
Building information modelling (BIM) is rapidly growing and expanding. It has provided a critical solution to overcome the issues raised by the traditional methods [1, 2] . BIM has been adopted by many new buildings, where a large number of old buildings also require the construction of a BIM model to benefit their operation and maintenance that can be consistent and available to the current technologies. A large portion of the construction of the BIM model still largely relies on Autodesk Computer Aided Design(AutoCAD) drawings, which show low efficiency, high consumption, and a long process time. These problems become even obvious when the target is a big and complex building. Therefore, light detection and ranging (LiDAR) has been largely adopted to acquire critical information for BIM models [3, 4] .
Simultaneous localization and mapping (SLAM) coupling the synchronous positioning based on light detection and ranging (LiDAR) is one of the most frequently adopted technologies for building mapping [5] . A reference robot is shown in Figure 1 . SLAM is a mapping technology based on the combined synchronous positioning and the information of the environment. The positioning sensors mainly include a LiDAR sensor, an odometer, and an inertial measurement unit (IMU). The LiDAR is utilized to detect the surrounding environment, the odometer the moving distance, and IMU provides the related information of yaw. The gesture of the robot is then obtained by combining the information of the IMU and odometer. The measurement accuracy is an important influencing factor for obtaining the gesture of the robot, determining the accuracy of the building mapping [6] .
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According to the above literature review, the current calibration methods based on MEMS-IMU are still bearing with the following shortcomings: (a) they are largely relying on the external calibration equipment that is much more expensive than the adopted MEMS-IMU itself; (b) the adopted GPS system is not viable for the indoor calibration due to the weak signal; and (c) they do not consider the issue that MEMS-IMU is not parallel to the horizon. To overcome the above-mentioned shortcomings, this study proposed an error calibration model to allow an easy and highly-accurate calibration based on MEME-IMU, without the need for external equipment. The research outcomes provide a basis for low-cost on-site indoor map building.
Development of Error Calibration Model
The MEMS-IMU system was directly fixed to a movable car such that its movement was the same as the car's, forming a strap-down inertial navigation system, as shown in Figure 3 . Ideally, the coordinates of both MEMS-IMU and the car should be the same. However, during the practical applications, the chips of accelerometer and gyroscope were directly welded onto the printed circuit board (PCB) of the MEMS-IMU system, and then put into the system in the movable robot. During the whole process, the axial installation deviation happened due to the horizontal differences between the PCB and chips, and the coupling differences along the vertical direction between the MEMS-IMU system and the robot. A large number of studies indicated that the axial installation deviation would not change too much with changes of either time or temperature [28] . In this study, we focused on the calibration of the systematic errors due to the biases, scale errors, and installation axial deviation. The theoretical models and calibration principles for the accelerometer and gyroscope for the strap-down inertial measurement system are similar to the above calibration. Therefore, in the following contents, we focused on one type. constant. It detects the static interval by adopting a parameter-less static filter for the calibration. However, the method ignored the scenario when the calibrated plane is not perpendicular to gravity's acceleration. According to the above literature review, the current calibration methods based on MEMS-IMU are still bearing with the following shortcomings: (a) they are largely relying on the external calibration equipment that is much more expensive than the adopted MEMS-IMU itself; (b) the adopted GPS system is not viable for the indoor calibration due to the weak signal; and (c) they do not consider the issue that MEMS-IMU is not parallel to the horizon. To overcome the abovementioned shortcomings, this study proposed an error calibration model to allow an easy and highlyaccurate calibration based on MEME-IMU, without the need for external equipment. The research outcomes provide a basis for low-cost on-site indoor map building.
The MEMS-IMU system was directly fixed to a movable car such that its movement was the same as the car's, forming a strap-down inertial navigation system, as shown in Figure 3 . Ideally, the coordinates of both MEMS-IMU and the car should be the same. However, during the practical applications, the chips of accelerometer and gyroscope were directly welded onto the printed circuit board (PCB) of the MEMS-IMU system, and then put into the system in the movable robot. During the whole process, the axial installation deviation happened due to the horizontal differences between the PCB and chips, and the coupling differences along the vertical direction between the MEMS-IMU system and the robot. A large number of studies indicated that the axial installation deviation would not change too much with changes of either time or temperature [28] . In this study, we focused on the calibration of the systematic errors due to the biases, scale errors, and installation axial deviation. The theoretical models and calibration principles for the accelerometer and gyroscope for the strap-down inertial measurement system are similar to the above calibration. Therefore, in the following contents, we focused on one type. Figure 3 , we built a Cartesian coordinate based on the origin point of the center of the car, represented by B(x, y, z). Based on the same origin point, we also built a coordinate for the IMU system, denoted as I(x, y, z). Ideally, I(x, y, z) should be a Cartesian coordinate. However, it was not a perfect Cartesian coordinate due to manufacturing errors. During the measurement, the acquirement of the travelling distance of the car is based on B, whereas the others, such as LiDAR and odometer, used I. Therefore, there needed to be a process of converting the data in I to B. The converting process can be seen in Figure 4 . As shown in Figure 3 , we built a Cartesian coordinate based on the origin point of the center of the car, represented by B(x, y, z). Based on the same origin point, we also built a coordinate for the IMU system, denoted as I(x, y, z). Ideally, I(x, y, z) should be a Cartesian coordinate. However, it was not a perfect Cartesian coordinate due to manufacturing errors. During the measurement, the acquirement of the travelling distance of the car is based on B, whereas the others, such as LiDAR and odometer, used I. Therefore, there needed to be a process of converting the data in I to B. The converting process can be seen in Figure 4 .
As shown in
The same rules apply to OY' and OZ'. The projection of IMU measurement data on the three axes can be seen in Table 1 . 
In practice, α is a very small angle. Therefore, we can assume that sinα = α and cosα = 1. The above equation can be then rewritten as, 
For the calibration of IMU date, besides the rotation-matrix information during the installation, the scale errors and biases are also needed to be considered, which can be expressed by,
where at are the real data; am are the MEMS-IMU measured data; Scales are the scale errors; vs are the biases. 
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The a b is the IMU data in coordinate B, so the IMU coordinate and the coordinate of the car can be related through
In practice, α is a very small angle. Therefore, we can assume that sinα = α and cosα = 1. The above equation can be then rewritten as,
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where a t are the real data; a m are the MEMS-IMU measured data; Scales are the scale errors; vs are the biases. The above equation can be then changed to,
After combining with the axial deviation, scale errors and biases, the error model of MEMS-IMU can be given by,
Error Calibration of MEMS-IMU System
In Equation (5), there are 12 unknowns,
To solve the equation, Equation (5) can be changed to homogeneous equation,
After the transposition, it can be rewritten as,
Based on the least-squares method, Equation (7) can be solved and the solution is,
where P can be rewritten as, The related data measurement is based on the calibration of the six sides, as shown in Table 1 . During the calibration, those data were measured by MEMS-IMU when the six sides of the IMU (i.e., Z+, Z−, Y+, Y−, X+, and X−, as shown in Table 2 ) were facing upwards and kept still, where the related axis was parallel to the direction of gravity's acceleration. The calibration of the accelerometer was based on the static data, while the calibration of gyroscope relied on those static data and also gravity's acceleration. Table 2 . Six-sided calibration method.
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where P can be rewritten as, 
In the above equations, P is the coefficient matrix to be solved, Xs are the calibrated values for the three axes, denoted as [at x , at y , at z ]; and Y is the measured value for each of the three axes; namely [am x , am y , am z ]. The related data measurement is based on the calibration of the six sides, as shown in Table 1 . During the calibration, those data were measured by MEMS-IMU when the six sides of the IMU (i.e., Z+, Z−, Y+, Y−, X+, and X−, as shown in Table 2 ) were facing upwards and kept still, where the related axis was parallel to the direction of gravity's acceleration. The calibration of the accelerometer was based on the static data, while the calibration of gyroscope relied on those static data and also gravity's acceleration. Table 2 . Six-sided calibration method.
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During the six-sided calibration method, each rotation requires expensive rotating equipment to make sure the MEMS-IMU system is strictly parallel to the horizon to ensure only one side faces gravity's acceleration at one time. However, the cost of the rotating equipment is even expensive than those MEMS-IMU systems with high accuracy. It is inevitable that the calibrated side is not perpendicular to the gravity's acceleration, as shown in Figure 5 . Taking step 1 for example, namely the upward Z-axis, the measured data should be (g, 0, 0) if the MEMS-IMU system is parallel to the horizon. As it is quite hard to achieve this, there should be an axis deviation angle. If we divide the measured gravity's acceleration following different axes, the measured value can be expressed by [gcosθ, gsinθ, 0] T . This problem should be solved to improve the prediction accuracy. those MEMS-IMU systems with high accuracy. It is inevitable that the calibrated side is not perpendicular to the gravity's acceleration, as shown in Figure 5 . Taking step 1 for example, namely the upward Z-axis, the measured data should be (g, 0, 0) if the MEMS-IMU system is parallel to the horizon. As it is quite hard to achieve this, there should be an axis deviation angle. If we divide the measured gravity's acceleration following different axes, the measured value can be expressed by [gcosθ, gsinθ, 0] T . This problem should be solved to improve the prediction accuracy. To avoid the situation, an improved six-sided calibration method was proposed through this study. The implementation processes can be summarized as,
•
Start measuring the data after positioning the MEMS-IMU system on the floor; in order to avoid the singularity of the P matrix in the solution process, the data acquisition time should be extended to 3-5 s, to ensure the number of collected datums is greater than the unknown parameters in the equations. • Rotate the calibrated side by 180° horizontally, as seen in Figure 6 . Stay still for 3-5 s to measure To avoid the situation, an improved six-sided calibration method was proposed through this study. The implementation processes can be summarized as,
Start measuring the data after positioning the MEMS-IMU system on the floor; in order to avoid the singularity of the P matrix in the solution process, the data acquisition time should be extended to 3-5 s, to ensure the number of collected datums is greater than the unknown parameters in the equations. • Rotate the calibrated side by 180 • horizontally, as seen in Figure 6 . Stay still for 3-5 s to measure the data; •
The finally measured data can be obtained by averaging the data obtained during the previous two steps; •
Repeat the calibration for the other five sides following the above three steps. Figure 5 . This is a schematic diagram of the deviation of the calibration surface from the direction of gravity's acceleration.
To avoid the situation, an improved six-sided calibration method was proposed through this study. The implementation processes can be summarized as,
Start measuring the data after positioning the MEMS-IMU system on the floor; in order to avoid the singularity of the P matrix in the solution process, the data acquisition time should be extended to 3-5 s, to ensure the number of collected datums is greater than the unknown parameters in the equations. • Rotate the calibrated side by 180° horizontally, as seen in Figure 6 . Stay still for 3-5 s to measure the data; •
Repeat the calibration for the other five sides following the above three steps. When comparing to the traditional method, our proposed calibration method adopts an extra horizontal rotation with two groups of data measurement to get the average. In a scenario where When comparing to the traditional method, our proposed calibration method adopts an extra horizontal rotation with two groups of data measurement to get the average. In a scenario where there is a deviation angle between the calibrated side and horizon, the measured data are [gcosθ, −gsinθ, 0] T and [gcos(π−θ), −gsin(π−θ), 0] T , respectively. Usually, the deviation angle is quite small, these two groups of measured data can be then expressed by [g, −gθ, 0] T and [g, gθ, 0] T , respectively. It can be seen that the deviation angle is gone after averaging these two groups of measured data; [g, 0, 0] T . Therefore, the two measurements before and after the 180 • horizontal rotation are useful to exclude the influences from the deviation angle. This is quite a reliable method for the onsite calibration without the need for the expensive equipment.
Experimental Validation
Hardware
The experiment was based on the rikirobot, as shown in Figure 7 . We placed a MEMS-IMU system (GY-85, ADI, Norwood, MA, USA) on the rikirobot, coupled with a microcontroller unit (MCU, STM32F103, STMicroelectronics, Geneva, Switzerland) and a LiDAR (RPLIDAR-A2, SLAMTEC, Shanghai, China). The GY-85 MEMS-IMU system contains an accelerometer chip (ADXL345, ADI, MA, USA) and a gyroscope chip (ITG3205, ADI, Norwood, MA, USA), which communicate through the inter-integrated circuit (IIC) and MCU protocols. The overview of the hardware design can be seen in Figure 8 .
system (GY-85, ADI, Norwood, MA, USA) on the rikirobot, coupled with a microcontroller unit (MCU, STM32F103, STMicroelectronics, Geneva, Switzerland) and a LiDAR (RPLIDAR-A2, SLAMTEC, Shanghai, China). The GY-85 MEMS-IMU system contains an accelerometer chip (ADXL345, ADI, MA, USA) and a gyroscope chip (ITG3205, ADI, Norwood, MA, USA), which communicate through the inter-integrated circuit (IIC) and MCU protocols. The overview of the hardware design can be seen in Figure 8 . 
The Software
The software for the experiment is programming based on a Robot Operating System (ROS) robot platform. This platform runs function modules individually for each node. These nodes are connected through an end-to-end topology when the platform is running. Each node contains a subprogram, where the related information exchange relies on the subscription and publishing functions. The related calibration program was developed based on the ROS software, which adopts the related gesture information for the map building.
The flowchart of nodes in the software is shown in Figure 9 . The data from the gyroscope are read from the chips, where the data are sent to the node/raw_imu. The error calibration node (do_calib) is used to collect the calibration data, and the node/apply_calib can solve the related equations and obtain the related solutions. After the subscription of those error calibration values, the IMU system then collects the data for yaw. All of these real time data are then subscribed by the robot control node (riki_base_node), where the transformation of coordinates is happening. The obtained yaw and odometer after the coordinate transformation are then used to confirm the gesture of the robot. 
Experimental Results
The mean and variance of MEMS-IMU error parameters after ten groups of data collection can be seen in Table 3 . 
The mean and variance of MEMS-IMU error parameters after ten groups of data collection can be seen in Table 3 .
It can be seen from Table 3 that the errors for the Z-axis are relatively bigger than the other two axes. This is because of the suspension pin for the installation of the MEMS-IMU system on the robot, leading to the deviation in the center of gravity of the IMU system. On the other hand, the relatively bigger errors for the Z-axis are consistent with the installation, which proves that the related calibration model is viable. As the robot is moving on a plane, the relatively bigger errors along the Z-axis will not affect the collection of the related gesture information much, such as that of yaw. The attitude angle information of the robot is collected by the gyroscope and accelerometer working together in the MEMS-IMU [29, 30] . The gyroscope first measured the angular velocity, then, through an integral operation, the attitude angle value can be obtained. However, a measurement drift will appear in the gyroscope when it run a period time. In order to reduce the measurement error of the gyroscope, the accelerometer was used to measure the angle acceleration information, and another angular velocity was also can be calculated. Consider the stability of the accelerometer in a long time operation, the angular velocity which given by the accelerometer is taken as the state observation value, and the angular velocity in the gyroscope is deemed as the estimated value. Then, the state observation equation can be established (Equation (8)), and the final robot angle information will be acquired from solving the equation. Angle = (Gyro(k) + A(Gyro(k − 1) − Accel(k − 1)))dt (8) where Gyro(k) is the angular velocity value of the current moment measured by the gyroscope, Gyro(k − 1) is the value in the last moment, A is the gyroscope drift gain, and Accel(k − 1) is the angular velocity value obtained by the accelerometer. To further validate the feasibility of the developed error calibration model, those error parameters were substituted into the model and then the related measurements were taken. As the robot was moving in a 2D environment on the building floor, we only measured the yaw during the experiments. The robot was rotated horizontally 30 • , 45 • , 60 • , and 90 • , respectively. Ten groups of data were measured and averaged for each rotation angle. The data before and after the calibration were compared, as shown in Table 4 . It can be seen from Table 4 that the average deviations of the yaw are about ±1 • to ±3 • , while after the calibration they are reduced to be within ±1 • . Although an average deviation of ±3 • for the yaw applies to those small maps, the application of the obtained map is limited because of the accuracy. For those big maps, it may lead to the failure of the building mapping. The calibration model developed in this study can control the deviation within ±1 • , which is quite acceptable for the map building. Therefore, the developed calibration model can effectively improve the prediction accuracy of MEMS-IMU systems, so can largely reduce the computing requirements for the whole building mapping system.
Practical Implementation
To further validate the calibration model for the practical implementations, we selected a real circular corridor for application, as shown in Figure 10 . The corridor is a loop; the width is 2.7 m and length is 130 m, which can be considered a big and complicated case, including many detailed structures, like the recessed doors and protruding pillars. The mapping process was based on the developed calibration model, where the map can be seen in Figure 11 . One of the challenging sections for a looped corridor is the corners, see Figure 12a ,b. To show the advantage of the developed calibration model, we compared the map before and after the calibration, which is shown in Figure 12 . At the corner A, the related yaw measurement had errors when the robot was moving to the corner. It resulted in an incorrect positioning of the robot that led to the deviation of the obtained map; the corner is not rectangular in the obtained map, as shown in Figure 12a . After adopting the calibration, it can be seen that the corner in the map becomes rectangular, which is consistent with reality. It was indicated that the calibration model is helpful to construct those detailed structures during the mapping. One of the challenging sections for a looped corridor is the corners, see Figure 12a ,b. To show the advantage of the developed calibration model, we compared the map before and after the calibration, which is shown in Figure 12 . At the corner A, the related yaw measurement had errors when the robot was moving to the corner. It resulted in an incorrect positioning of the robot that led to the deviation of the obtained map; the corner is not rectangular in the obtained map, as shown in Figure 12a . After adopting the calibration, it can be seen that the corner in the map becomes rectangular, which is consistent with reality. It was indicated that the calibration model is helpful to construct those detailed structures during the mapping. One of the challenging sections for a looped corridor is the corners, see Figure 12a ,b. To show the advantage of the developed calibration model, we compared the map before and after the calibration, which is shown in Figure 12 . At the corner A, the related yaw measurement had errors when the robot was moving to the corner. It resulted in an incorrect positioning of the robot that led to the deviation of the obtained map; the corner is not rectangular in the obtained map, as shown in Figure 12a . After adopting the calibration, it can be seen that the corner in the map becomes rectangular, which is consistent with reality. It was indicated that the calibration model is helpful to construct those detailed structures during the mapping. calibration, which is shown in Figure 12 . At the corner A, the related yaw measurement had errors when the robot was moving to the corner. It resulted in an incorrect positioning of the robot that led to the deviation of the obtained map; the corner is not rectangular in the obtained map, as shown in Figure 12a . After adopting the calibration, it can be seen that the corner in the map becomes rectangular, which is consistent with reality. It was indicated that the calibration model is helpful to construct those detailed structures during the mapping. Corner B and the obtained map before and after the calibration can be seen in Figure 13a ,b, respectively. It was known that the mapping time would be quite long due to the long looped corridor. The yaw was obtained by integrating the angular velocity of the gyroscope along with time, Corner B and the obtained map before and after the calibration can be seen in Figure 13a ,b, respectively. It was known that the mapping time would be quite long due to the long looped corridor. The yaw was obtained by integrating the angular velocity of the gyroscope along with time, which is the reason for the continuing accumulation of errors. Under those circumstances, the data for the closed-loop detection was not accurate. The error calibration based on the MEMS-IMU can ensure accurate capturing of the gesture information by the robot when it is turning at the corner. That is beneficial to the construction of a closed-loop during the mapping.
Based on the above practical implementation, it is clear that the calibration model is useful for improving the accuracy of the building mapping and also enhancing the capture of those features of the buildings, such as a rectangular corner. which is the reason for the continuing accumulation of errors. Under those circumstances, the data for the closed-loop detection was not accurate. The error calibration based on the MEMS-IMU can ensure accurate capturing of the gesture information by the robot when it is turning at the corner.
That is beneficial to the construction of a closed-loop during the mapping. Based on the above practical implementation, it is clear that the calibration model is useful for improving the accuracy of the building mapping and also enhancing the capture of those features of the buildings, such as a rectangular corner.
(a) (b) Figure 13 . Ring corridor closed-loop connection for map construction before (a) and after (b) the calibration.
Conclusions
Based on a low-cost MEMS-IMU system, an error calibration method was proposed to overcome the shortcomings of traditional methods, such as relying on external equipment, expensive calibration auxiliary equipment and calibration errors. Through this study, we analyzed the different systematic errors, such as biases, scale errors, and axial installation deviation, which happened during the building mapping when using a robot equipped with a MEMS-IMU. It was indicated from the experiments that the proposed model is useful for the error calibration, which can increase the prediction accuracy of yaw by 1°-2°. When based on the MEMS-IMU, the mapping results are more accurate compared to the previous methods. The research outcomes provide a basis for low-cost, onsite indoor map building.
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Based on a low-cost MEMS-IMU system, an error calibration method was proposed to overcome the shortcomings of traditional methods, such as relying on external equipment, expensive calibration auxiliary equipment and calibration errors. Through this study, we analyzed the different systematic errors, such as biases, scale errors, and axial installation deviation, which happened during the building mapping when using a robot equipped with a MEMS-IMU. It was indicated from the experiments that the proposed model is useful for the error calibration, which can increase the prediction accuracy of yaw by 1-2 • . When based on the MEMS-IMU, the mapping results are more accurate compared to the previous methods. The research outcomes provide a basis for low-cost, on-site indoor map building.
